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The k nearest neighbor search over time-series databases has been a hot research topic for a long time period,
which is widely used in information retrieval, genetic data matching, data mining, and so on. However, due
to high dimensionality (i.e. length) and uncertainty of the time series, the k nearest neighbor search over
directly indexed precise time series usually encounters serious problems, such as the “dimensionality curse”
and “trust ability curse”. Conventionally, many dimensionality reduction techniques and uncertainty
processing strategies are proposed separately to break such drawbacks by reducing the dimensionality of
time series and simulating the data uncertainty. However, among all the proposed methods, there are no
indexing mechanisms to support k nearest neighbor queries over very large uncertain time-series databases.
In this paper, we re-investigate PLA for approximating and indexing uncertain time series. In particular,
we propose a novel distance function in the reduced PLA-space, and this function leads to a lower bound of
the Euclidean distance between the original uncertain time series, which can lead to no false negatives
during the search. In the following, based on five lemmas, we develop an eﬀective approach to index these
lower bounds using R-tree to improve the k nearest neighbor query eﬃciency. Finally, extensive experiments
over synthetic data sets have been conducted to demonstrate the eﬃciency and eﬀectiveness of PLA together
with the proposed lemmas, in terms of both pruning power and wall clock time, compared with the baseline
algorithm.
Keywords: time series; uncertain database; k nearest neighbor search; similarity search
ACM Classification: H.2.8

1. Introduction
Since the early 1990s, the retrieval of k nearest neighbor time series has been widely studied, and
this topic remains a hot research direction nowadays due to its wide usage in many applications
(Chen et al, 2007; Kanth et al, 1998; Korn et al, 1997; Beskales et al, 1997; Kwang, 2006), such as
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sensor network monitoring (Cranor et al, 2003), moving object tracking (Chen et al, 2005), and
stock data analysis. In a coal mine application [1, 6], for example, sensors are deployed in the
underground to collect data such as temperature and density of oxygen, which can be modeled as
time series. Since emergency events usually correspond to some specific patterns, the event
detection can be considered as the pattern search over time series data, which demands fast
retrieval and quick reaction to keep the safety of coal miners. In this paper, we reinvestigate the k
nearest neighbor search problem that obtains nearest candidates which are similar to a given
query in a time-series database, especially in the case where the total number of time series in the
database is large and each time series is uncertain (i.e. with diﬀerent values for one record).
Uncertainty is ubiquitous in many emerging applications, and there are many information systems
that need to cope with time series containing uncertain data. Consider in a weather monitoring
system, many sensors are deployed to gather the temperature and moisture of some places, due to
the errors caused by themselves, one unique time series that specifies the possible mistakes is
provided by each sensor, that is to say, the returned values for even one place is not consistent to
each other but are given by a group of probable observations.
Diﬀerent from the traditional similarity search1 problem over precise time-series database, data
uncertainty makes the query result directly retrieved from those precise values meaningless
(Cheng et al, 2004; Lian and Chen, 2008). That is, we cannot simply label a time series with YES or
NO to be in the query result, but return those time series in the query result together with their
nearest neighbor probabilities.
Since the length of uncertain time series is usually very long (e.g. larger than 1024), it becomes
infeasible to index time series directly using spatial indexes, such as U-tree (Tao et al, 2005). This is
caused by the serious “dimensionality curse” problem in high dimensional space. Generally
speaking, when the dimensionality becomes very high, the query performance of the similarity
search based on a multidimensional index can be even worse than that of a baseline approach (e.g.
linear scan).
Motivated by this, our work introduces a new index structure, based on the well know PLA index,
for answering k nearest neighbor queries over uncertain time-series eﬃciently under the transformed data space. The main contributions of this paper are summarized as below:
• For the first time, we give the formal definition of probabilistic k nearest neighbor queries over
uncertain time series.
• Based on the transformed uncertain time series in PLA space, we propose five lemmas that can
be used to speed up the query eﬃciency.
• We propose the p-k-NN query processing algorithm which can integrate the R-tree and prune
lemma seamlessly.
• Extensive experiments have been made to verify the eﬃciency and eﬀectiveness of our
proposed query processing algorithm.
The rest of the paper is organized as follows. Section 2 reviews previous work on similarity search.
Section 3 introduces the problem definition and shows the basic solution. Section 4 gives our new
lower bound distance function for PLA, and illustrates the proposed query processing algorithm
with five lemmas. Section 5 demonstrates the experimental results. The paper concludes with
Section 6.
1 Note that, the words similarity search and nearest neighbor query are used interchangeably, since they are
assumed to have the same meaning for simplicity.
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2. Related Work
In the last few years, many studies on similarity search over time-series have been conducted
thoroughly in the database community.
The majority of current works are focused on two aspects: new dimensionality reduction techniques and new approaches to measure the similarity between two time series. In particular, the
representatives of existing dimensionality reduction techniques include DFT (Agrawal, 1993),
Piecewise Linear Approximation (PLA) (Morinaka, 2001), Chebyshe Polynomials (CP) (Cai and
Ng, 2004), and Discrete Wavelet Transform (DWT) (Popivanov and Miller, 2002; Wu et al, 2000).
CP is the most costly method in terms of time complexity, and PLA is much lower. The widely
used similarity measurement functions include Lp-norm (Yi and Faloutsos, 2000), Edit distance
with Real Penalty (ERP) (Chen and Ng, 2004), and Edit distance with Real Sequence (EDR) (Chen
et al, 2005).
For nearest neighbors search, the reduction methods are first used to reduce the dimensionality of
each time series to a lower dimensional space, and then apply a new metric function to obtain the
similarity between two transformed data. Generally speaking, to guarantee there are no false
dismissals, the distance between compressed sequences in the reduced space should be smaller
than that of their Euclidean distance in original space.
To the best of our knowledge, previous work on the similarity search without false dismissals only
deals with precise time series, which however cannot be used directly to uncertain time series.
Thus, in this paper, we propose new techniques that can deal with similarity search over uncertain
time series. Extensive experiments are also conducted to verify the eﬀectiveness and eﬃciency of
our proposed methods.

3. Problem Deﬁnition
In this section, we first give the definition of probabilistic k nearest neighbor queries in an uncertain
time series database D, and then describe the baseline approach.

A. Probabilistic k-NN search
For a tuple TS recorded in an uncertain time-series database, it has the form of <s1l, s1u; s2l, s2u; … ;
snl, snu>, where sil, siu (1 ≤ i ≤ n) are the lower bound and upper bound of si respectively, and n is the
length of time-series TSu. The distribution of si within the closed region (sil, siu) follows a non-zero
probability density function (pdf) such as uniform. Assume we have an uncertain time-series
database D, in which each uncertain time series resides within its uncertainty region following
some pdf (i.e. Uniform). We assume that all the time series are independent of each other in D
similar to conventional works. Then, the problem of retrieving k-NN can be defined as follows:
Definition 1: Given an uncertain time series database D and a query time series Q, a probabilistic
k nearest neighbors query (p-k-NN) retrieves k uncertain time series TS1, TS2, …, TSk such that:
Prnn(TS1, Q) ≥ Prnn(TS2, Q) ≥ … Prnn(TSk, Q), and there are no time series from D \ {TS1, TS2, …,
TSk} having their NN probabilities greater than Prnn(TSk, Q). The probability of TS as the nearest
neighbor Prnn(TS, Q) is defined as follows:
(1)
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That is to say, the probabilistic k-NN query is a probabilistic nearest neighbor query, which returns
those uncertain time-series that have the smallest distance to a given query time-series Q with
probabilities ranking at top-k. In particular, n and f are the minimum and maximum distances of
TS from Q respectively.
The query time-series can either be precise or uncertain data, that is, Q = <q1, q2, … , qn> or Q = <q1l,
q1u; q2l, q2u;…; qnl, qnu>. In order to measure the similarity between two uncertain time series, a
distance function Dist(TS, Q) is needed for measuring such uncertain time series. As we know, any
Lp-norm function can be used to measure the distance between pairs of precise time series.
However, due to the uncertainty of the time series, the distance between them is also uncertain.
Instead of obtaining one unique distance value between the corresponding time series, the distance
of two uncertain time series rather consists of several distance values reflecting the distribution of
all possible distance values between the instances of the corresponding uncertain time series.
Thus, the distance between TS and Q is formalized in the following definition:
(2)
In this paper, we are targeted to give the solution of k-NN to a precise query time-series Q and our
method will be extended to solve the uncertain one in the future. The commonly used symbols in
this work are summarized in Table 1.
Notation
|TS|
si
Dist(TS1, TS2)
DistPLA(TS1, TS2)

Meaning
the length of uncertain time series TS
the value at timestamp i in time series TS
the Euclidean distance between time-series TS1 and TS2
the distance between two time-series TS1 and TS2 in the reduced
PLA space

D

time series database

Q

query time series

Prob(*)
Prnn(TS, Q)

the probability of some distances or events happening
the probability of TS as the NN of Q
Table 1: Frequently Used Symbols

B. Baseline Approach
Since there is no previous work on k-NN query over uncertain time series, the only available
solution is adopting linear scan, which directly applies the basic distance calculating method
Equation (2) on every time series, and then using the cost expensive Equation (1) to get their probabilities as the nearest neighbor. However, it is ineﬃcient to scan all the records in D and calculate
their nearest neighbor probabilities involving integral computation, as will be shown in the experiments section.

4. Methodology
In this section, we first introduce the dimensionality reduction techniques that do not introduce
any false negatives while filtering through the index. Second, we give the pruning lemmas and
50

Journal of Research and Practice in Information Technology, Vol. 46, No. 1, February 2014

Efﬁcient k-NN Searching over Large Uncertain Time Series Database

illustrate the k nearest neighbor query processing algorithm, which eﬃciently returns k time series
from a time-series database that have the smallest distances to a given query time series with top-k
probabilities. Note that we are focusing on whole matching using Euclidean distance in this paper,
the techniques can be extended to handle subsequence matching.

A. Rationale about PLA
Since the length of uncertain time-series is too large, it is impossible to index these time-series
using a spatial index like R-tree (Guttman, 1984) or U-tree (Tao et al, 2005) directly, so dimensionality
reduction techniques should be used to reduce the original uncertain time-series into a lower
dimensional space. For these proposed dimensionality reduction techniques we are going to use
PLA for its high reconstruction accuracy and strong pruning power.
For uncertain time series TSu = <s1l, s1u; s2l, s2u; … ; snl, snu>, it is easy to be divided into two timeseries with only lower bound and upper bound respectively: TSlu = <s1l; s2l;…; snl> and TSuu= <s1u;
s2u;…;snu>. For each time series TSlu, TSuu and Q with length n, we divide each of them into m (m =
n/l) non-overlapping segments of equal length l, then the PLA technique can be easily conducted
according to the law given in Chen et al (2007). Therefore, the PLA representation of the above
mentioned time series can be constructed as below:
TSlu-PLA = <a11, b11; a12, b12; … ; a1m, b1m>
TSuu-PLA = <a21, b21; a22, b22; … ; a2m, b2m>
QPLA = <a31, b31; a32, b32; … ; a3m, b3m>
Thus, the lower bound distance between TSlu-PLA and QPLA is defined by:
Dist2PLA(TSlu, Q) =
=
Similarly, the lower bound distance between TSuu-PLA and QPLA is:
Dist2PLA(TSuu, Q) =
=
On the other hand, the squared Euclidean distance between TSlu and Q is defined by:
Dist2(TSlu, Q) =
=
Similarly, the squared Euclidean distance between TSuu and Q is:
Dist2(TSuu, Q) =
=
Journal of Research and Practice in Information Technology, Vol. 46, No. 1, February 2014
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Then the lower bound lemma holds for both sequence TSlu and TSuu:
Dist2PLA(TSlu, Q) ≤ Dist2(TSlu, Q)
Dist2PLA(TSuu, Q) ≤ Dist2(TSuu, Q)
Accordingly, we get a lower bound and an upper bound of the PLA distance between TSu and Q
respectively, which is:
Dist2PLA(TSlu, Q) ≤ Dist2PLA(TSu, Q) ≤ Dist2PLA(TSuu,Q)
Therefore, the probability of TS as the nearest neighbor Prnn(TS, Q) can be re-defined in the PLA
space as follows:
(3)

Note that, n and f are the minimum and maximum distances of TS from Q in PLA space respectively.
The property of PLA can guarantee no false negatives when pruning those unqualified time series
through the index structure constructed in the reduced PLA-space. So the following important
phases are how to prune those unqualified time series as much as possible and which kind of
index method should be adopted to support eﬃcient k-NN query processing.

B. Pruning Lemmas
Formally, given an uncertain time-series TSu and a query Q in the PLA-space, the minimum
(maximum) squared distance between them is either dist2PLA(TSlu, Q) or dist2PLA(TSuu, Q). Note that
the value comes from m disjoint segments, so for the i-th segment, the min (or max) value can be
given by:
Dist2PLA(Si-lu, Qi) =
Dist2PLA(Si-uu, Qi) =
In the sequel, we will introduce several basic lemmas that make the foundation of the pruning
approach, and then propose the technique which prunes those unqualified uncertain time series
in the database that are definitely not k-NNs using the uncertain data model in Section 3.
Lemma 1: Consider two uncertain time series Su and Tu in the PLA-space, given a query time series Q, if
the minimum squared distance value between Su and Q, denoted as mindist2PLA(Su, Qi), is larger than the
maximum squared distance value maxdist2PLA(Tu, Qi) between Tu and Q , then Su can be safely pruned.
Proof: Obviously, because Su can never be closer than Tu in the distance measurement, it has no
chance of being the nearest neighbor of Q.
Note that those returned uncertain time series are considered as the candidate nearest neighbors
of Q in the database. After the entire NN candidate set is selected from the reduced PLA space. It
is easy to calculate the exact NN probabilities of each candidate within the set. We do not show the
details here. Then, according to the following lemmas we can get the lower and upper distance
bounds of the qualified nearest neighbors in PLA space.
Lemma 2: The lower bound distance Dl of the nearest neighbors from query time series Q equals to the
smallest minimum distances Dsmin of all uncertain time series in D from Q.
Proof: By contradiction. Suppose the lower bound distance of the i-th nearest neighbor is smaller
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than Dl, that is, Dil < Dl. However, note that, according to the definition of Dl, there are no time
series within the database having their distance smaller than Dl, thus it is impossible to get a time
series as the i-th nearest neighbor to be closer than Dl from Q. So the lemma holds.
Lemma 2 points out the lower bound distance of the nearest neighbors from query time series Q,
and the upper bound distance could be calculated by the following lemma:
Lemma 3: The upper bound distance Du of the nearest neighbors from Q equals to the smallest maximum
distances Dsmax of all uncertain time series from Q.
Proof: By contradiction. Among those time series maximum distances from Q, we denote the i-th
ranking distance as Dimax, then there are at least a number of i uncertain time series that are
completely within the circle centered at Q with radius Dimax. Suppose the upper bound distance Du
is greater than Dsmax, that is, Du = Dimax > Dsmax. Then, for any time series TSa with maximum
distance within [Dsmax, Du], it must be at least (i+1)-th nearest neighbor of Q, this is contradictory
to define TSa as the nearest neighbor within Du. So the lemma holds.
Based upon the above two lemmas we can get the lower and upper bound distances of the nearest
neighbors, so we can easily obtain the following lemma:
Lemma 4: For any uncertain time series TSa with maximum distance Damax from Q, if Damax is within the
interval [Dl, Du], then TSa has a chance to be the nearest neighbor of Q.
Proof: The proof is obvious according to lemma 2 and lemma 3, and we do not show the details
here.
Note that, in many applications, the query users are not concerned about the exact nearest neighbor
probabilities values, they usually need answers that have larger confidence than a predefined
threshold. In this work, we are focusing on nearest neighbors with top-k probabilities, the
predefined probability threshold will be considered in our future work.
Thus, based on Lemma 1 and Lemma 4, our pruning approach which eliminates all the uncertain
time series that have zero probability to be the nearest neighbor can be generalized as follows:
Lemma 5: (distance pruning). Given a circle C (Q, Du) which is centered at query Q with radius Du and
an uncertain time series TSa with uncertain distance Da from Q. The distance pruning method can safely
prune TSa if the minimum value of Da is out of the circle C(Q, Du), that is to say, is larger than Du.
Proof: According to definition of Du, there exist at least one uncertain time series with its entire
uncertainty region completely contained in circle C (Q, Du). If the minimum value of TSa does not
intersect with circle C (Q, Du), that is to say, the minimum distance na of TSa from Q is larger than

Figure 1: The Illustration of Distance Pruning
Journal of Research and Practice in Information Technology, Vol. 46, No. 1, February 2014
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Du. There always exist at least one time series with their distances to Q smaller than that of TSa to
Q, thus TSa is at least the second nearest neighbor of Q with a certain probability. Therefore TSa
has no chance to be the nearest neighbor of Q, and thus can be safely pruned.
To better understand this lemma, we will use the distance interval described in Figure 1 for illustration. In particular, the vertical axis represents uncertain time series and the horizontal one
corresponds the distance of each uncertain time series from Q. From the figure, we find that there
are three time series TS1, TS2, and TS3 having their maximum distances f1, f2, and f3 smaller than
D4l (n4) the minimum distance of TS4 from the query, and the minimum maximum distance Du
equals f2. Moreover, TS4 is the first NN to D4l, thus TS4 is the fourth NN candidate to Q as there are
always 3 time series with their distances closer to Q. Note that, the calculation of Pr1-NN (TS4, D4l)
is eﬃcient compared to Pr4-NN (TS4, Q) which involves combinations of three time series TS1, TS2,
and TS3.
According to the above lemmas, the key point for pruning is to find minmaxdist2(), the minimum
of the maximum distance value of the uncertain time-series in the database. For this purpose we
are going to construct two 2-dimensional R-trees Rl and Ru, which contain each segment’s
coeﬃcients of the lower bound time-series and upper bound series respectively. For example, <
a11, b11> can be considered as a 2-dimensional point and inserted into Rl. < a21, b21> can be considered
as a 2-dimensional point and inserted into Ru.

c. Index Structure and p-k-NN Algorithm
Recall that, the index divides each time series TS into m disjoint segments with equal length l, and
for each segment, approximating it through two line segments with four coeﬃcients <ai, bi> and
<aj, bj>. Thus, each uncertain time series TS is transformed to totally 4m coeﬃcients in the order of
<a1i; b1i; a1j; b1j; ……>, which can be then divided into two 2m-dimensional points in the reduced
space. In the sequel, we insert each transformed point into a 2m-dimensional index structure like
R-tree (Guttman, 1984), on which the nearest neighbor search can be eﬃciently processed. Note
that, since the index construction is the same as the standard R-tree, every entry of the nodes in the
R-tree consists of an MBR (Minimum Bounding Rectangle) containing the reduced PLA data and
a pointer indicates its corresponding sub-tree.
Obviously, diﬀerent from the traditional nearest neighbor search in R-tree that uses Euclidean
distance as the lower bound function, in the reduced PLA space, the index adopts the lower bound
function as described above.
Figure 2 presents the detailed query procedure. Specifically, the procedure takes three parameters
as input: two R-tree based index R1 and R2 constructed from an uncertain time series database D
in the PLA space, a user specified query time series Q, and an integer k which indicates the number
of query results. The procedure returns k uncertain time series as the p-k-NN query results.
In particular, we maintain a minimum heap H which contains entries in the form of (e, key), where
e is the node MBR in the R-tree index, and key is the sorting key of the heap which is defined as
the minimum distance of the MBR node to query time series Q. In addition, two variables Ndist and
Fdist are initialized with zero for storing the values of bounding region [Dl, Du]. Moreover, we also
initialize a p-k-NN candidate set Sco to be empty and set variable Du to MAXREAL in line 3, where
Du is the k-th smallest maximum distance to query series Q for all the time series that have been
obtained so far. Then, we insert all the root entries of R-tree into heap H (line 4). While the heap H
is not empty (line 5 – 21), we remove an entry (e, key) from the top of H (line 5), and check whether
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Figure 2: The Query Procedure for p-k-NN Processing

the key is greater than or equal to Du. If it does, then it means that all the remaining entries in heap
H would have their minimum distances to Q not smaller than Du. Thus, according to the distance
pruning approach they cannot contain any p-k-NNs and the procedure can be terminated.

5. Experimental Evaluations
In this section, through extensive experiments we illustrate the eﬀectiveness of PLA together with
our proposed bounding lemmas in the transformed PLA-space, in terms of both the pruning
power and wall clock time. In particular, the pruning power is the fraction of time series that can
Journal of Research and Practice in Information Technology, Vol. 46, No. 1, February 2014

55

Efﬁcient k-NN Searching over Large Uncertain Time Series Database

be pruned in the reduced space, the wall clock time includes CPU time and I/O time (each I/O
equals to 10ms). In order to test the eﬃciency of query processing, we use large synthetic data sets,
each of which contains about 50K uncertain time series of length ranging from 128 to 1024. Based
on the data sets with exact boundaries, we generated uncertain time series by generating samples
uniformly distributed between the given values. We also used other distributions like Gaussian,
but since our experimental results show that the sample distributions do not make much sense in
the query processing procedure, we only show the results with uniform distribution.
The experiments were conducted on a computer with Intel Pentium(R) Dual-Core 2.50GHz &
2.52GHz CPU and 2048MB main memory running Window XP operating system. The programming
language is using C++, and the algorithm is implemented in Microsoft Visual 6.0 environment. All
the reported results are an average over 100 runs.

A. Performance over dimensionality
In this subsection we test the eﬃciency of our proposed method and linear scan over synthetic
data set with diﬀerent reduced dimensionalities. In particular, the reduced dimensionality is increased from 6 to 20. The default length of time series is set to 256, the default value of k is set to 10.
Figure 3(a) and 3(b) illustrate the pruning power and the wall clock time of PLA over synthetic
data sets with various dimensionalities respectively. We can observe that, the pruning power
(denoted as ratio of pruned time series) of linear scan method is zero, but most values of the PLA
methods are larger than 0.5. For the dataset, the pruning power of PLA increases linearly when we
increase the reduced dimensionality. This is reasonable, because high dimensionality makes the
time series prone to be unqualified as some of its reduced dimensionalities do contribute lots of
distances to the overall score. It is reported that high pruning power can be obtained with high
reduced dimensionality. However the query performance over high dimensional indexes is not
that eﬃcient due to the “dimensionality curse”. But the wall clock time of PLA as shown in Figure
3(b) is much smaller than that of the linear scan method, which indicates the eﬃciency of our
proposed method.

Figure 3: Performance vs. Reduced Dimensionality
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B. Performance over Length
In this set of experiments, we test the eﬃciency of both methods over synthetic data set with
diﬀerent length of uncertain time series. Note that, the reduced dimensionality is set to 14 and the
value of k is set to 10 by default.
As shown in Figure 4(a) and 4(b), the ratio of pruned time series in PLA is much larger than that
of the linear scan, and the wall clock time of PLA is also much smaller than that of the base line
approach. In particular, the pruning power in Figure 4(a) decreases when the length of time series
increases. This is reasonable, as for the same dimensionality deduction method, the perturbation
of longer time series will definitely greater than that of the shorter one, which would decrease the
accuracy in the reduced spaces and thus lead to more pending tuples to be verified later.
Furthermore, the wall clock time increase when the length of time series increases. This is as
expected, since a larger length of time series requires more dimensionality reduction in the PLA
space, which would need more computation to prune those unqualified time series.

Figure 4: Performance vs. Length of Series

C. Performance over k
In this subsection, we evaluate the query performance of our proposed pruning approaches with
respect to diﬀerent k values specified by p-k-NN queries. In particular, the wall clock time and the
number of candidates to be refined are compared over two synthetic data sets by varying k from 1
to 20. The data size equals to 50K and 100K respectively, the reduced dimensionality is set to 14
and the length of time series is set to 256 by default.
From the results as shown in Figure 5(a) and 5(b), we can see that, the wall clock time increases
almost linearly with k. This is reasonable, since the number of candidates that after searching the
R-tree based index structure using the distance pruning method grows with k (because the pruning
distance Du increases with k, thus more unqualified uncertain time series are unable to be
eliminated), which is indicated by Figure 5(b), thus the wall clock time that used to search a
number of increasing candidates must also go up. However, for a large dataset size 100K, as shown
in both figures, the wall clock time and final number of candidates that have to be evaluated are
Journal of Research and Practice in Information Technology, Vol. 46, No. 1, February 2014
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Figure 5: Performance VS. k

almost the same (a little higher) as that of the small size 50K at a specified parameter k, which
indicates a good scalability of our proposed distance pruning approach.

6. Conclusions
Due to the inherent uncertainty of data in many emerging applications, query processing over
these uncertain data becomes more and more important. The k nearest neighbor query is an
important query type in traditional database, and it is widely used in Geographical Information
Management Systems, Decision Supporting System and similarity search. However, previous k
nearest neighbor query processing technique is not applicable in the context of uncertain time
series database. This paper presents a novel k nearest neighbor query processing technique for
uncertain time-series database. Using Euclidean distance in the PLA space as the similarity
measurement and design eﬀective distance pruning approaches to facilitate reducing the search
space under the help of R-tree based index structure. Extensive experiments have been conducted
to verify the eﬃciency and eﬀectiveness of our proposed methods in terms of wall clock time,
prune ratio and number of candidates to be refined, under synthetic data sets with various
parameter settings.
In many applications the time series data is updated frequently, thus as an interesting direction,
we will extend the solution to p-k-NN query processing techniques over databases with updates,
that is to say, the query database D is no longer a static time series set, but with some its tuples are
updatable. It would be challenging to obtain a trade oﬀ between the query eﬃciency and the index
structure update performance.
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